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1.0 INTRODUCTION

The purpose of this document is to describe the technical gpproach, scope, rationale, and methods
for the Satidtica anayses needed to support the Remedid Investigation (RI) and the Feasibility
Study (FS) for the Midnite Mine Superfund Site. This Satistical gpproach technica memo (SATM)
represents a refinement and expansion of the atistical approach previoudy described in the Quality
Assurance Project Plan (QAPP) documents (URS Greiner 1999 and URS 2000). ThisSATM
describes the ectivities involved in gatisticaly evauating whether or not media at specific locations
and aress near the Ste have been impacted by mining activities. These resultswill be used in
defining the nature and extent of mine-affected materias and water for the RI.

A large number of chemica and physica measurements in media such as groundwater (GW
samples), surface water (SW samples), sediment (SED samples), and surface materia (SM
samples) have been collected at the Midnite Mine Site as described in the Phase 1A/2A-1B
QAPPs. This SATM augments the description of the Satistica methods that will be employed to
evduate the data. The primary objective of this statistica work isto identify areas impacted by
mining as compared to background levels. A secondary objective of thiswork isto assst in
characterizing condituent levels in the affected mediain a manner that will facilitate further Satisticd
andysis of the data for the risk assessments.

While the work described herein is focused on discriminating potentialy impacted area (PIA)
samples that have been affected by mining from those that have not, the background limit (BL.)
vaueswill dso be consdered in evauating levels of contamination within the mined area (MA) as

part of the RI report.

Characterization of the concentrations of naturaly-occurring inorganic congtituents is needed to
evauate whether groundwater, surface water, stream-deposited sediment or mechanicaly or wind-
blown surface materia in the PLA have been affected or contaminated by materids and activitiesin
the MA. For dl media, background (BG) is defined as the range of chemical/radiologica
concentrations that are naturaly occurring in the Ste vicinity, in areas unaffected by the previous
mining operations. Idedlly, such an evauation would be based on the comparison of existing
environmenta conditions &, and in the vicinity of, the mine to pre-mining conditionsin the same
area. Therefore, in order to characterize background conditions for this RI/FS, sampling and
measuring natural congtituent concentrations occurred at the following locations:

Near the Mined Area (the area of actud disturbance caused by mining activities) and are
near, but not within, the PIA (undisturbed but potentialy impacted areas surrounding the
MA)

Similar hydrogeologic characterigtics to the Midnite Mine
Not affected by mining

Accessble for drilling and sampling activities
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Based on these criteria, locations were selected, sampled, and anadlyzed for radiologica parameters
and chemica congtituent concentrations that represent natura background levelsin ageologic
setting analogous to that in the MA and PIA. The methodology and rationade for the background
sampling are provided in the Phase 1A/2A-1B QAPP documents (URS Greiner 1999 and URS
2000).

In overview, the statistical gpproach for this study conssts of these three mgjor components:
1. Evduation of background data
2. Comparison of PIA samplesto background levels
3. Statidtica characterization of parameter valuesin mine-affected sub-areas

The sequence of work activitiesisillugtrated on logic flow diagrams (Figures 1 through 3). Logic
Flow Diagram 1 (Figure 1) shows the steps for the background statigtics, culminating with the
cdculation of BLsfor al measured parameters. Logic How Diagram 2 (Figure 2) showsthe
process for comparing BLs with PIA sample data and discriminating samples that have been
affected by the mining. The sample discrimination process ends at the bottom of Figure 2. Logic
Flow Diagram 3 (Figure 3) illustrates the Satistica anayses that will be performed to characterize
the nature of contamination within the affected sub-areas. Details of each mgor component of this
study, including the purpose, scope, methodology and rationde, are presented in the following
sections.
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URS W:\Projects\53F40018_Midnite_Mine\Sub_00\12.0_Word_Proc\EPA\BackgroundCompStatsTM\Background_Comp_Stats_Rpt.doc10/10/01 3:57 PM 4

Denver, Colorado



For al Media, Perform Population Statistics on Affected
Sub-area for Selected Parameters:
Partition Mine-Affected
Samplesinto Affected Sub- ——p|® N, ND, mean, max, min, variance, CV, median,
areas using PJA quartiles
® Shapiro-Wilk Distribution Test
® Selected Parameter Ratios

'

Prepare Graphics to Compare Indicator Parameters for
Affected Sub-areas and BG.

® Plot Probability Distributions
® Histograms
e Box-and-Whisker Plots

I

For all Parametersin each Affected Sub-area, for each
Medium, Perform Statistical Calculations of 95% UCL of
Mean.

l

Provide Results to
Project Team
for Preparing RI/FS
Report and
Risk Assessments

Figure3: Logic Flow Diagram 3
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2.0 EVALUATION OF BACKGROUND DATA

The purpose of the statistical methods described in this section isto accurately estimate background
levels of naturd chemica condituents in media unaffected by mining activities. Background locations
were sampled from naturd areas near the Site that have anaogous geologica, geochemical, and
hydrogeologica conditionsto thosein the MA and PIA. The MA and PIA include both minerdized
and non-minerdaized rock types, which was dso true prior to mining.

As dated in the Phase 1A QAPP, datistical analyses of concentrations from the BG samples will be
used to define the BL vaues for each medium.

For this study, the term “background limit (BL)” is defined to mean the estimated upper limit of
natural background congtituent concentrations (Section 2.3). A short list of indicator parameters
will be selected for use in comparing Site data to the background limits (Section 2.4). Two sets of
upper limitswill be determined, the background limit (BL) and the re-test background limit (RBL).
Next, in thefirst step comparison, the BL will be compared to PIA sample data. For PIA samples
showing exceedances of BL for indicator parameters, the comparison of PIA datato BG datawill
involve another step. For samples showing exceedances, the second step will involve comparing
the re-test BL to data from verification re-samples.

The method used to determine BL and RBL vaues depends on the population distribution of the
data for each parameter, which may be parametric (norma or log-normal) or non-parametric.
According to EPA (1992a, 1998), non-parametric andysisis aterm referring to a Satistical
technique applied to andyze the sample data that do not follow a specific distribution (such as
normd or log-normd). Parametric isaterm referring to a atigtica technique to analyze sample
data that can be assumed to follow a specific digtribution (e.g., norma or log-normd). Verification
re-sample means a new, independent sample collected from the same location and andyzed for the
same condtituent that exceeded the BL. This methodology is further described in the following
sections of this document.

The gpproach planned for this project is consstent with available EPA guidance for Satistical
methods to detect the presence of contamination (EPA 1989) and other guidance documents on
datistical methods (ASTM 1996). Our planned approach alows an evauation of whether
individua locationsin the PIA are affected by mining activities rather than smply comparing average
vauesin the BG samplesto those in the PIA. Simple comparisons between average vaues of
background and PIA data populations may be mideading because if unaffected PIA samples are
pooled with affected PIA samples, this would cause the average vaue for the PIA population asa
whole to decrease relative to the average of only the affected samples. Thus, our gpproach will be
more definitive in identifying the presence and extent of the affected media

A series of sepswill be taken to discriminate aress affected by historical mining. Initidly, the BG
datawill be partitioned by medium (e.g., GW, SW, SED, and SM samples). In some ingtances, the
data for a given medium will be partitioned into more refined populations to reflect the presence of
distinct hydrogeological units, such as groundwater in aluvium and bedrock. For sediments,

URS W:\Projects\53F40018_Midnite_Mine\Sub_00\12.0_Word_Proc\EPA\BackgroundCompStatsTM\Background_Comp_Stats_Rpt.doc10/10/01 3:57 PM 6
Denver, Colorado



samples will be grouped by sample type, either as grab (single point) samples or composite (multi-
point) samples. In other ingtances, data for a given medium will be combined into larger groups
(e.g., GW and SW data from samples in different seasons). For each medium/data group, basic
datistics and Satistical tests will be performed (e.g., Shapiro-Wilk Test). From these background
data, BLswill be determined as described in Section 2.3.

Asillugrated on Figure 1, specific activities for compilation and evauation of background data will
indude:

Select groups of data on which to perform the statistical cdculations for each medium (e.g.,
GW, SW, SED, and SM sample data).

For each medialdata group, use a dtatistica program to caculate basic Satistics and
perform tests (e.g., Shapiro-Wilk Test) for normal and log-normd didtributions. (See
example output in Table 1.)

Modify getigtical program to accommodate negetive input vauesin performing log
transformations and Satistica caculations. [Note: For this project, the calculation
Spreadsheat with input/output and formulae with the modification will be made available to
interested parties)]

Use gatigtica program to calculate the type of data distribution for each group/parameter
and univariate statistics, including the 99% upper tolerance limits (UTL) and the 95% upper
prediction limits (UPL).

For each medium, reduce the full suite of andytical parameters to approximatdy ten
indicator parameters based on parameter correlation values for the combined PIA and MA
data set and professond judgement.

Plot histograms and probability-plots for indicator parameters for each data group.

Determine BL vaues for each measured parameter and RBL vaues for each indicator
parameter.

The rationde for the satistical andyses and methodology identified on Logic How Diagram 1
(Figure 1) are further described in the following sections.

2.1  Grouping of Data by Medium

The following section provides a brief discusson of how the data will be grouped within each
medium+ highlighting how key issues will be addressed.

2.1.1 Groundwater

Parameters have been measured on samples from GW wellsin BG areas unaffected by mining that
have ana ogous mineralized and non-minerdized rock types and smilar hydrogeologica conditions
to those in the MA and the PIA. The MA and PIA sampling locations, which aso include
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mineralized and non-mineralized rock types, were selected to measure congtituent concentrationsin
the Site vicinity under current post-mining conditions. Concentrations of condtituentsin GW are
related to the minera types and populations in the rock and sediments contacted by the
groundwater and the groundwater residence time with those materids. For thisreason, the BG
dluvid groundwater contains substantidly different congtituent concentrations than the BG bedrock
groundwater. There are a sufficient number of BG samples so that GW data may be partitioned
into separate groups for each of the two hydrogeologic units: dluvium and bedrock. Therefore, for
this sudy, al BG GW datawill be partitioned into separate aluvium and bedrock populations for
the satistical caculations.

Preliminary satistical analysis of BG GW data from Phase 1A indicate that there may be differences
between fal and spring sampling rounds for some parameters. However, this seasonal effect does
not gppear to be significant for many parameters. Currently the number of data points available for
each seasond sampling round may be too small to meet the project gods for satistical confidence
and power in comparing PIA to BL vauesif the data were partitioned into fall and spring groups.
Thus, for groundwater it is desirable to pool the data from the different seasona sampling rounds
together into one group. However, it isimportant to better understand the seasond effects on the
indicator parameters (see Section 2.4 for selection of indicator parameters). Therefore, we will
apply graphical andysis methods, such as probability plots and histograms, to evaluate the potentia
differences between the indicator parameter populations for each season prior to pooling the data.
For the indicator parameters, we will apply professond judgement in deciding whether to pool the
datafor dl URS GW sampling rounds. Our god isto pool the data across seasons for dl the
subsequent gatistical anayses, unless doing so reduces our confidence in discriminating affected
PIA sample locations from unaffected locations.

2.1.2 Surface Water

Preliminary datistica andyss of the Phase 1A BG SW data indicated that significant differences
exist for some parameters for fal and spring sampling rounds. However, asfor the GW data, there
may be insufficient seasond sample events to maintain a reasonable power and confidence if the
SW data were to be partitioned by season. Thus, it is desirable to pool together the data from the
different seasona sampling rounds. However, it isimportant to completely understand the seasond
effects on the indicator parameters prior to pooling the data. Therefore, we will apply graphica
andysis methods, such as probability plots and histograms, to evauate the potentia differences
between the indicator parameter populations for each season. For the indicator parameters, we will
apply professona judgement in deciding whether to pool the data for al URS surface water
sampling rounds. Our goal isto pool the SW data across seasons for al the subsequent Satistica
andyses, unless doing so reduces our confidence in discriminating affected PIA sample locations
from unaffected locations.
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2.1.3 Sediment

Higtorically, sediment data have been collected both as discrete point samples and as composite
samples. Composite data are not comparable to discrete samples. To appropriately compare
recent URS data and historica data, sediment data from point samples will be grouped separately
from the composite SED samples data for the statistical analyses.

2.1.4 Surface Material

PIA areas downwind of the MA may have been affected by deposition of windblown dust from the
MA. In addition, mechanica transportation of MA materia may have occurred dong MA haul
roads. Asdescribed in the Phase 2A/1B QAPP, data from the two BG surface materia sub-areas
(the minerdized area and the non-mineralized areq), will be pooled to reflect the diversity of surface
materids overlying geologic units that are andogous to those exidting in the MA prior to mining.
However, whether the sample data from the two sampled depths should be pooled depends on
further andlysis of population Satistics.  Friable surface materid samples collected at depths of 0 to
5 cm below the surface litter (shallow) and 5-20 cm (subsurface) have been taken from several PIA
sub-areas to evauate potentid effects. An andysis of variance (ANOVA) study will be doneto
determine if aggnificant depth effect exigtsin the BG samples. If thereisasgnificant effect, the SM
datawill be separated into the two depth categories. If not, the datawill be pooled into asingle
data st for the Satidtical andyses. The preliminary ANOVA resultswill be provided to EPA for
review and discusson.

2.2  Handling Parameter Values Below Detection Limit

The bass of any parametric Satistical interva limit requires the estimation of the sample mean and
dandard deviation (see Equations 1 and 3). If any vdue is below its detection limits, then by
definition its non-detect concentration/activity is unknown. There is no widdy used method that
gives good estimates of variance and mean vaues when many non-detects are present. The most
common method of assigning arbitrary values to the non-detects such as one-haf the detection limit
may result in unreliable estimates of Satistical parameters such as the sample mean and variance.
One method that Sdesteps thislast issue is the Helsel's Robust Method described in the next
Section.

2.2.1 Helsel's Robust Method Applied to Samples Below the Detection Limit

The concentration of a parameter, which is reported by the laboratory as being below the detection
limit, isreferred to as a non-detect and generdly given data qudifiers “U” or “UJ.” Careful
consderation is given to BG non-detects before ca culating tolerance and prediction limits. No
datigtical anayssis reliable when more than 90% of the samples are non-detects. For those BG
data with a detection frequency of greater than 10%, the statistica method described below will be
used. Helsdl and Hirsch (1992) evaluated severd methods for handling non-detect dataincluding
subdtitution, distributional, and robust methods. They concluded that robust methods consistently
produced smdler errors when estimating summary datistics, even when multiple reporting limits
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were used for non-detect valuesin the data set. They developed arobust method that combined
messured data above the [aboratory reporting limit with extrapolated values for non-detect values.
The measured and extragpolated values were used collectively to estimate summary datistics.

Helsdl's Robust Method will be applied for estimating the vaue of each non-radiologica chemica
condtituent that is reported to be below detection limit, which we will treat as a non-detect vaue
(Helsel and Hirsch 1992). For each sample analys's showing such a non-detect vaue, the same
estimated quantity for a non-detect vdue will be used in dl Satistical caculations usng that sample
data. On the other hand, the non-detect values for dl radioactivity measurements will not be
estimated usng Helsdl’ s Robust Method because the radioi sotope measurement and reporting
methods, which are different from chemical andysis methods, and such non-detects are more
gopropriately estimated using the instrument readout values. Therefore, any radioisotope vaue
flagged in the project database as a non-detect that is grester than zero will be used without
adjustment. However, if aradioisotope vaue is reported by the laboratory as azero or a negative
value, then the existling Satigtical programs must be modified. The purpose of this modification isto
gppropriately accommodate radioactivity values that are below detection limits but are reported by
the laboratory as the measurement result rather than as a non-detect with an associated detection
limit. Inthe current project Technical Data Management System (TDMYS) data s&t, radiological
data were reported with two separate parameter vaues. “2-sgmd’ and “ES.” For the Satistical
cdculations on radiologica data, values below detection limits will be trested differently than for the
chemical |aboratory analyses, as described below.

2.2.2 2-Sigma Values from Radiological Laboratory Analyses

The 2-sgmavaues (listed under the column labeled “2Q” in the project database) represent the 2-
sgmacounting error vaue associated with the laboratory andyss. Thistype of radiologicd datais
one measure of the uncertainty in the measurement and is used during validation as one means of
identifying non-detects, which are then flagged with aU or UJ qudifier. However, neither these 2-
sgma vaues nor the detection limit vaues will be used in cdculating Satigtica background limits.
Instead, the statistical calculations will use the |aboratory measurement values for each radiological
andyss, which are ligted in the column ES in the project database.

2.2.3 Negative ES Values from Radiological Laboratory Analyses

The ES data may contain a zero or anegative value. These data are considered non-detectable
vaues and are flagged by U and UJ qudifiers. For arithmetic satistics and testing for normal
digtributions, the reported va ues, including the negative results will be used. Any resultant negative
datistic, such asamean, mode, UTL or UPL will be set to zero. For statistics on log-transformed
data, a smal constant will be added to al data to iminate any zero or negative value. This additive
congtant is generaly called athird parameter in log-normd theory (Crow and Shimizu [Ed] 1988).
The log-normd distributiona test can be done on the adjusted va ues and give meaningful results.
However, before reporting any statistics such as amean or limit, the additive constant will be
removed.
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2.3 Univariate Statistics and Distribution Testing
Badc univariate statistics and a distribution test will be done on the background data.

2.3.1 Basic Statistics

As gated previoudy, the term *background limit” is defined to mean the estimated upper limit of
natural background congtituent concentrations. The method used to estimate the BL depends on
the population distribution of the available BG data for the parameter (e.g., norma, log-normd,
non-parametric distributions), and the frequency of |aboratory detected vaues for that parameter. |If
thereis an insufficient number of detected vauesin adata set for agiven parameter (i.e, lessthan
10%) to cdculate ameaningful satistically-based limit, the BL will not be determined datisticdly.
Rather, the BL will be sat equd to the maximum measured value, if there are sufficient detected
vaues. Inthe unlikely case in which the laboratory datafor agiven parameter show no detected
vaues, the BL will be sat equd to the laboratory quantitation limit (QL).

As shown on Figure 1, if the datafor a given parameter fit anormd or log-norma didtribution, then
the BL will be st equd to the parametric UTL. In smpleterms, the UTL means the datigticaly-
caculated estimate of the upper end of BG data for a parameter with a given expected coverage
(say 99%) such that 99% of non-impacted Site sample vaues are expected to be less than that UTL
vaue. If the datafor a given parameter do not fit either anorma or log-normal didtribution, then a
non-parametric UTL will be caculated. In smpleterms, the 95% UPL means a datidticaly-
caculated prediction of the upper end vaue of the BG data for which the next single site sample
vaue has a 95% chance of faling below the UPL vaue if the sampleis not mine affected. For the
upcoming data eva uation, we have selected the 99% expected coverage for each UTL and the
95% confidence interva for each UPL, consstent with the sampling and statistica comparison
strategy recommended in EPA guidance (EPA 1992a). These confidence intervas are
recommended as ameans to balancing fdse positive and false-negative errors in making the
comparisons between BG and PIA data. As stated in the Phase 1 QAPP for this RI/FS project
(URS Greiner 1999), one overdl gatisticd god for this study is a site-wide false-positive error
(apha) of 0.05. Ancther god isto achieve alow fase-negative error (beta) that is consstent with
EPA guidance (EPA 1992a).

Anticipating the large number of comparisons of BL vauesto site data, we have incorporated
verification sampling and atwo-step Satidtica testing strategy, which is consstent with a
recommended strategy for multiple comparisons in the EPA guidance for Satistical evauation of
groundwater monitoring data (EPA 2000). Compared to other documents we are aware of, this
EPA groundwater guidance provides the most sophisticated description for strategies for balancing
fase-pogtive and fase-negative errors. Theimportance of balancing false-positive errorsis dso
noted in the EPA guidance on sampling within soil and solid media (EPA 1994). Also, the EPA
guidance for data quality assessment emphasizes the mathematical principles for achieving abaance
in these potentia errors with reference to any particular medium. Thus, we have adopted a strategy
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recommended in the EPA groundwater guidance (EPA 2000) for multiple comparisons of samples
of the other media as wdll asfor groundwater samples.

Implementing this strategy involved sampling of numerous background locations, determining BL
vaues, and collecting verification samples for each medium at each PIA location showing vaues
exceeding aprdiminary BL for potentia indicator parameters. Subsequently, after the complete
vaidated data set is available, we will perform atwo-step comparison test of indicator parameters.
The rationde for sdlecting indicator parametersis described further in the following sections.

In the first-step test we will compare PIA datato the BL (UTL) for indicator parameters. For PIA
samples exceeding BL values, a second-step test will be performed using an RBL. Asshown in the
lower portion of Figure 1, the RBL for each indicator parameter will be determined using asimilar
rationae as described above for determining the BL, except that the RBL vaues will be based on
the upper prediction limit at a 95% confidence interva (i.e., 95% UPL). The use of ahigher UTL
level and a somewhat lower UPL leve is consstent with recommendations in the EPA guidance
(19924). A morerigorous tatistica definition of the UTL and UPL is provided below in Sections
231lland23.1.2.

Table 1 presents an example output of some univariate Setigtics that will be determined and
tabulated. Columnsfrom left to right are:

1. Parameter name (Par ameter).

2. Number of samples(N).

3. Number of non-detects (ND).

4. Minmum (Min) vaue measured in sample data set. (The lowest estimated concentration used
to cdculate the 99% UTL is provided in parentheses. For non-radiologica parameters, Helsdl's
distributiona method is used to replace non-detects.)

5. Maximum (M ax) vaue mesasured in sample data set.

6. Probability that the sample data represents anormal distribution (Normal Prob). A probability
of 0.05 or lessindicatesthat it is unlikely thet the datais from anorma distribution.

7. Probability that the sample data represents alog-norma distribution (L og-normal Prob). A
probability of 0.05 or lessindicatesthat it is unlikely that the detaiis from alog-norma
digribution.

8. Method. If the number of non-detectsis high (i.e., 90% or more) astatistica approach is not
gpplicable and the maximum concentration, or laboratory quantitation limit if dl samplesare
non-detect, is used asthe limit. If the probabilities for both the norma and log-normal
distribution are 0.05 or less, a non-parametric method is used to estimate the 99% UTL (95%
UPL). Otherwise, the digtribution with the highest probability is used to caculate the 99% UTL
(and the 95% UPL), which are then the BL and the RBL vaues.
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9. Background limit (BL). Ontheexample Table 1, the BL islabeled prdiminary background
limit. Vaues have been rounded to the gppropriate number of significant figures.

10. Re-test background limit (RBL). If thereis no exceedance of BL for agiven parameter, then
the RBL is not used for comparison to verification samples. Vaues have been rounded to the
gopropriate number of sgnificant figures.

11. Units of measure (Units).

After these satisticd analyses are complete, we plan to provide EPA aworking draft of the
tabulated results for their review.

1 Kidnite Hine Surface Uaker 9%% Tolerance and 95% Prediction Lindts Analysis i
Iog Prelininary Retest
Horeal Horeal Bsclground Fscloround

Paranstar N MR Hin Han Frob Frck  H=thod Limit Limit Inits
Alkalimity, Total 40 1) 1l .4 214 ©.000 0.02e Eonparanateic 214 i 14 wg-l
Aluninue, dizeclusd 40 1 3Z.5483 EE20 0.000 0.082 Lognornal 9501.5 . 8501.5% ug-l
Aluninum, total 40 2 1.1 2040 0. 000 o.001 EonParansteic BL40 . BS40  ug-l
Antimony, disszolwved 40 25 0.900& 6.2 0. 000 o.o2@ EonParan=teic B.2 . B 2 ugsl
Antimopy. total il 21 Dp.5292 E.B 0.000 0.B9E Lognernal : 4,728 4,728 ug-l
dreenio, dissolwed ina 0.6l 21.3 0.000 0.4938 Llogneornal . 12.282 . 12.252 ug-l
irzenic. totsl 0 0.57 46.1 0000 0,416 lognoonsl 0,06 20062 ug-l
Barian. di=molwsd 4n n 1.3 252 0.000 oonla onparsremkoic 252 . 252 wg-l
Bariun. btohel 4n n 2.7 274 0o.00n 0148 lognornel 13p.01L . 138 0L w31l
Barylliuw, disealwed 40 =9 0.1 0.26 0.000 o.oono ponstatistical n.ze . 0.Z& ug-l

lliusw, total 40 Ze D.DZ42 0.5 ©o0.000 0. 384 Logmnornal 0.33233z . 0.3293 ug-l
Bicarbomsate &lkalinaty 40 1] 11.4 214 0.000 o.o2a EONPaTan=t Eic 214 . 214 wmg-l
Cadmninn, dismsolu=d 40 40 n.a 0.5 o.000 o.oon pon=mtatimt icsl 0.5 . 0.5 ug-l
Cadminn, botal i 29 0.2 0.2 0.000 o.aom ponstatistical . n.25 . 0.25 ugsl
Calocdun, dimsolwed i a 1660 &2I00 0.440 0.18% Lognornal 3 29816 29915 ug-l
Calocinn. botsl in a z0A0  &2400 0. 000 0.079 lognornsl 29694 . 29634 ug-l
Carbonste Alkslinitsy ian d4n 2 2 mon=bet st s ] £ 2 wgel
Chemical Cxygen Denspd 40 21 0 6225 41.9 0D .00o o2l lognornel 33 B44 33 844 wg-l
Chlorlida 40 o O.E535 £.4%3 ©o0.000 o.ool Eonparanatric 2.43 . 249 mg-l
Chroniue, dissolusd 40 =1 D.0D408 1.2 0.o000 0. 466 Lognornal 2.07 2.07 ug-l
Chroniue. totasl 40 19 D0.2518 7.2 0000 o.op9 oMY st B 7.2 7.2 ugsl

e LE]

Table 1: Example .ol file from SAS output

2.3.1.1 Upper Tolerance Limit

The tolerance limit method suggested in the EPA guidance document (EPA 1989), will be used to
edtablish the first-stage BL of each measured parameter. A tolerance limit is the upper bound of a
datisticd interva calculated to include, on the average, a specified proportion of future observations
from the same population. This proportion is aso referred to as the average coverage of the
tolerance limit. An average coverage of over 90% isthe target for this study.

The UTL isdefined as;

UTL=m+ls Equation 1: UTL
Where:
VI = mean vaue of parametersin data set

standard deviation of parametersin data set
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| =t.104,v1+1/n Equation 2: | for UTL

n = number of background samples
t = t-distribution
a = ggnificance leve or false-pogtive rate for the individua comparison (thet is, one

sample and congtituent or parameter)

For non-parametric parameters, the UTL is generdly st to the maximum vaue found in the BG
data (Davis and McNichols 1994a).

2.3.1.2 Upper Prediction Limit

A prediction limit is the upper bound of a statistical interva caculated to include verification samples
from the same population with a specified confidence leve, i.e., 1-a. When more than one
parameter is being rechecked, a Bonferroni correction will be employed (down to aminimum a of
0.01) (EPA 1992a). For the k indicator parameters that exceed UTLS, we plan to collect a
verification sample and re-andyze the parameter. If any of those analyses exceeds the UPL, then
theinitiad UTL exceedance is consdered confirmed, and the sampleis provisondly categorized as
“affected” by mining. Otherwise, al of theinitid exceedances are consdered to be false-pogtives
and the initid sampleis categorized as “non-affected” by mining. If the background is parametric,
then the definition of an UPL is

UPL =m+ls Equation 3; UPL

Where:

VI = mean vaue of parametersin data set

S = standard deviation of parametersin data set

| = t(n-l,l-a/k)‘/l"' 1/n Equation 4: | for UPL

k = number of parameters re-sampled for verification

n = number of background samples

t = t-digtribution

a = ggnificance levd or fase pogtive rate for the individua comparison (thet is, one

sample and congtituent or parameter)
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Table 2 shows the multiplication factor | for a 99% UTL with various Szes of background data
sets. Thistable shows the “experimentwise’ 95% UPL for various k UTL exceedancesin a
sample. Experimentwise meansthat the totd test (experiment) is adjusted so that the overdl fdse-
positive error rate is maintained. The value k is defined as the number of parameters re-sampled for
verification. Pursuant to EPA guidance, the column with k =5 should be used if the number of UTL
exceedances are greater than or equal to 5. In a case where a verification re-sampleis collected
and andyzed for other parameters than those exceeding the BL, the verification re-sample data for
the other parameters will not be used for comparison to aBL or RBL.

If the digtribution is non-parametric, then the UPL is defined as the maximum vaue (Davis and
McNichols 1994b; EPA 1992a).

Table 2: Chart with factor lambda (I ) for bothaBL (99% UTL) and aRBL (95% UPL)

Background Size |99% UTL |  -----------oooeo-o- lambda at 95% UPL-----------ccomooeen

n k= 1 2 3 4 5
4 5.08 2.63 3.56 4.18 4.67 5.08
5 4.10 2.34 3.04 3.49 3.83 4.10
6 3.63 2.18 2.78 3.15 3.42 3.63
7 3.36 2.08 2.62 2.94 3.17 3.36
8 3.18 2.01 2.51 2.80 3.01 3.18
9 3.05 1.96 2.43 2.70 2.90 3.05
10 2.96 1.92 2.37 2.63 2.82 2.96
11 2.89 1.89 2.33 2.58 2.75 2.89
12 2.83 1.87 2.29 2.53 2.70 2.83
13 2.78 1.85 2.26 2.49 2.66 2.78
14 2.74 1.83 2.24 2.46 2.62 2.74
15 2.71 1.82 2.22 2.44 2.59 2.71
16 2.68 1.81 2.20 2.42 2.57 2.68
17 2.66 1.80 2.18 2.40 2.54 2.66
18 2.64 1.79 2.17 2.38 2.53 2.64
19 2.62 1.78 2.16 2.36 2.51 2.62
20 2.60 1.77 2.14 2.35 2.49 2.60
21 2.59 1.77 2.14 2.34 2.48 2.59
22 2.57 1.76 2.13 2.33 2.47 2.57
23 2.56 1.75 2.12 2.32 2.46 2.56
24 2.55 1.75 2.11 2.31 2.45 2.55
25 2.54 1.74 2.10 2.30 2.44 2.54
26 2.53 1.74 2.10 2.30 2.43 2.53
27 2.52 1.74 2.09 2.29 2.42 2.52
28 2.52 1.73 2.09 2.28 2.42 2.52
29 2.51 1.73 2.08 2.28 2.41 2.51
30 2.50 1.73 2.08 2.27 2.40 2.50
31 2.50 1.72 2.07 2.27 2.40 2.50
32 2.49 1.72 2.07 2.26 2.39 2.49
33 2.49 1.72 2.07 2.26 2.39 2.49
34 2.48 1.72 2.06 2.25 2.38 2.48
35 2.48 1.71 2.06 2.25 2.38 2.48
36 2.47 1.71 2.06 2.25 2.37 2.47
37 2.47 1.71 2.06 2.24 2.37 2.47
38 2.46 1.71 2.05 2.24 2.37 2.46
39 2.46 1.71 2.05 2.24 2.36 2.46
40 2.46 1.71 2.05 2.23 2.36 2.46

Note: (k= number of previous UTL exceedances) given the number of background samples (n). Thevaluesin
Table 2 are based on one comparison to the RBL.
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2.3.2 Shapiro-Wilk Distribution Test

Whether or not the population distribution of adata set is normd, log-normd, or non-parametric
will be established using the Shapiro-Wilk's W test. The Shapiro-Wilk distribution test is one of the
most powerful tests for normdity (or log-normality). Thistest issmilar to computing a correlation
between the quantiles of the standard normd distribution and the ordered vaues of the data. The
Shapiro-Wilk W datigtic tends to be close to 1.0 when a probability plot of the dataindicates a
nearly sraight line.

Tolerance and prediction limits are caculated differently if the data have normd or log-norma
parametric or non-parametric distributions. The caculations of the tolerance and prediction limits
are carried out for each parameter in the scale (e.g., arithmetic or logarithmic) that has the greater
probability of being normally digtributed. If the probability of normdity isless than 5%, a non-
parametric method will be used for determining both background limits (EPA 1989). Both these
limits are the maximum vaue of al the sample concentrations for the parameter.

24 Selection of Indicator Parameters

Over one hundred different parameters have been measured on samples collected for this RI/FS
project, including mgjor ions, metals (total and dissolved), and GW parameters such as pH and
multiple radioisotopes for some elements (such as uranium 235). Comparing many samplesin the
PIA to BL vauesfor al the measured parameters would create an unreasonably high false-postive
error rate for the Ste (URS Greiner 1999). Thus, to maintain a reasonable false-positive error rate
in balance with the false-negative error rate, the parameter list for the BG/PIA data comparisons
must be reduced to a more manageable number (EPA 1992a, Gibbons 1991, McNichols and
Davis 1998). Therefore, areduced set of the measured parameters, which are referred to herein as
indicator parameters, will be identified for each medium and used for the Satistical andysesto
discriminate and identify mine-affected samples. As previoudy described in the Phase 1A QAPP,
goproximatdy 10 indicator parameters will be identified, which are potentidly indicators of mine-
related contamination, for each medium.

We plan to provide alist of recommended indicator parameters to EPA for review and approva
prior to performing the comparisons of BL valuesto PIA sampledata. (The methodology is
discussed in greater detail in Section 4.0.)

2.4.1 Correlation Coefficients and Matrix

It is dedirable to sdect indicator parameters that are not correlated with one another because this
will reduce the fdse-pogtive error. To assst in selecting the appropriate indicator parameters for
each medium, acorrdation matrix of al parameters measured in the PIA and MA sampleswill be
determined and printed in amatrix form to illustrate the extent of correlation between prospective
indicator parameters. A working draft of this correlation matrix will be provided to EPA for review
and discussion during the process of sdlecting indicator parameters.
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2.4.2 Professional Judgement Assessment

In addition to evauating the corrdation matrix, professond judgement and experience in mine-
related contamination will be applied to appropriately select the indicator parameters. The sdection
of indicator parameters will consder geochemica and hydrogeological processes and previous
experience in mining-related contaminants and migration.
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3.0 COMPARISON OF PIA SAMPLES TO
BACKGROUND LEVELS

The purpose of comparing the value of each indicator parameter from anindividual PIA sampleto a
BL isto evauate whether individud locationsin the PIA are affected by mining activities This
section describes the methods for comparing PIA sample data to Statistically-based background
limits and other datistica anayses that will be used to augment a professiond judgement in making
fina determinations of which PIA samples have been affected by the mining activities (Koch and
Link 1970).

The method used to compare individua PIA samplesto BL vaues will be based on whether a
parametric or non-parametric statistical method will be used. If aparametric comparison is
conducted, then aUTL or UPL will be caculated using Equations 1 and Equation 3, respectively.
Non-parametric comparisons require that either a maximum vaue or alaboratory quantitation limit
be used for that parameter.

Asillugrated in Figure 2, specific activities for comparison of PIA samplesto BL vaueswill include:

For each medium, compare indicator parameter values for each PIA sampleto the
appropriate BL.

Determine if PIA indicator parameters exceed BL vaues.

If no PIA samples show indicator parameters exceeding the BL test, assign that sample to
non-affected class.

For PIA samples having indicator parameters that exceed the BL test, determine if PIA
verification sample exceeds RBL for each indicator parameter that exceeded its BL.

If dl the previous PIA exceedance parameters do not exceed their RBL vaue, assgn that
sample to non-affected class.

If any verification sample shows an exceedance of the RBL, assgn sampleto the
“provigondly” affected class.

Perform multivariate graphical assessment for dl mediain the provisondly affected dass
data

Perform the Mann-Whitney “U” test for surface materia indicator parameters to determine
if the provisondly affected dass data is sgnificantly different from the BG data

Using results of the above activities and professona judgement, make final assgnment of
samples to affected and non-affected classes and plot exceedance whedls at sample
locations.

3.1 Exceedance Wheel Plots

Reaults of thistwo-step test can be illustrated using a whedl-like graphic, referred to as an
“exceedance whed” (EW) plot. These EW plots will aso provide graphic support for the eements
of the RI/FS that follow the activities described herein. On the EW plat, the radius of the “rim” of
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the whed is standardized to unity to represent each indicator parameter’sBL or RBL. Each spoke
of the whed represents an individud PIA sample indicator parameter vaue whose length is made
relaiveto its respective BL or RBL. Oncethe find vaidated data set is available for each indicator
parameter for each medium, afind BG (e.g., 99% UTLS) will be cdculated. As described earlier in
this section, the first step of thistest will be acomparison of the PIA sample data to the 99% UTL.
In the example shown in Figure 4, parameters 3 and 7 have exceeded their respective 99% UTLS.
The sampling strategy developed for this project (URS Greiner 1999) included collecting
verification re-samples a sample locations showing initid exceedances of prdiminary BLs (UTLS).

For the second step of the test, the data from the verification samples will be compared to the RBL
(UPL) and illustrated by the EW plot. For samples showing exceedances of preliminary BLS,
verification sampling was conducted. Figure 4 isthe UPL EW using Table 2 again. Given two
initid exceedances, two re-testswill be required (k=2). Given that the number of BG samplesis
32,the UPL | vaue of 2.07 can be found again on the row labeled 31 and in the column labeled
k=2. Equation 3 can now be used to caculate the UPL for each indicator parameter tested. The
EW plot in Figure 4 shows these results as two twinned spokes representing both the initial BL
exceedances and the verification sampling data compared to the RBL vaues. In this case, with no
UPL exceedances, the sample location can be assigned to the non-affected class.

To facilitate the professond judgement assessment in discriminating mine-affected samples, an EW
plot will be created for each sample. For samples having an exceedance of abackground limit for
any indicator parameter, the EWs will be plotted on Ste maps for each medium to alow
visudization of areal trends of elevated values. For samples that do not show exceedances of BL
vaues, the EWswill be creasted and made available for viewing separately by interested parties, but
not plotted on the Site maps to avoid creating excessive graphica clutter.

! For this example, assume that the background data set had 32 samples and all indicator parameters have normal
distributions. ThisproducesaUTL | equal to 2.5. Thiscan beread from Table 2 at the row labeled 31 (n-1) and
the column labeled 99% UTL. Equation 1 can now be used to calculate the UTL for each of the indicator
parameters.
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95% UPL

Verificatiory Sample
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Figure 4 Example Exceedance Wheel Plot Showing 95% UPL for
water sampleswith k =2 UTL exceedances, but no UPL exceedance.

0.

Aluminum
Antimony
Chromium
Cobalt

Iron
Manganese
Nickel
Sulfate
Uranium-234
Zinc

Figure 5 presents another possibility. Again, parameters 3 and 7 have exceeded their respective
99% UTL and again there are 32 BG samples. The same valuesfor UTL and UPL are calculated.
In this case, Parameter 3 has exceeded its 95% UPL. Thisimpliesthat the sample can provisionaly
be assgned to an affected population.

It should be mentioned again that if any indicator parameter islog-normd, dl caculations are done
with log trandformed vaues. If any indicator parameter is non-parametric, both sample and possble
verification sample results will be tested againgt the maximum BG vaue for that parameter.
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95% UPL

Figure5: Example Exceedance Wheel Plot Showing 95% UPL for water
samples which havek =2 UTL exceedances and 1 UPL exceedance.

1. Aluminum

2. Antimony

3. Chromium

4. Cobalt

5. lron

6. Manganese

7. Nickel

8. Sulfate

9. Uranium-234
10. Zinc

3.2  Mann-Whitney “U” for Surface Material Indicator Parameters

The Mann-Whitney U or Wilcoxon Rank Sum test is a non-parametric analog to the population-to-
population t-test. As described in the Midnite Mine Phase 2A/1B RI/FS QAPP, this Phase 2
satistical gpproach will be used for surface materid samples only, to evaluate whether or not the
average concentrations in affected sub-areas exceed BG. Thisis an approach recommended in
MARSSIM (2000). Only the samples within the affected sub-areas, which will be defined aredlly
by professond judgement in evaluating the data, will be included in the PIA data set for comparing
each affected sub-area population to the background data population. A working draft of the
results of this analysis will be provided to EPA for review and discussion.
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3.3  Multivariate Graphical Assessment

Graphicd displays showing various views of the multivariate nature of BG and PIA sample data may
help dassfy a sample as affected or unaffected by mining. The graphics may include multiple box-
and-whisker plots, ternary, 3-D scatter plots, etc. At this stage, parameters other than the 10
indicators may beincluded. A working draft of the results of thisanalysiswill be provided to EPA
for review and discussion.

3.4  Final Discrimination and Plotting Locations

A fina decison will be made on the affected and non-affected classfication of individud samples.
This gep, which isthe find step in discriminating mine-affected samples from background, will utilize
professond judgement assessment (PJA) in integrating and possibly reconciling results from the
previous steps. The PJA will consder such factors as:

Number and levels of exceedances
Ared trends relative to source locations and migration processes

Characterigtics of contamination at other mine sites with acid rock drainage, metds
leaching, and migration processes

Prior to completing the draft technical memo on the results of the full set of datistical analyses, the
results of this evauation will be provided to EPA%. as aworking draft for review and discussion
purposes.
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4.0 STATISTICAL CHARACTERIZATION OF MINE-
AFFECTED SUB-AREA POPULATIONS

This section describes the methods that will be used to organize mine-affected samplesinto
populations and delineate the areas containing samples showing effects of mining activities. The
purpose of this evauation isto characterize the condtituent levelsin the mine-affected sub-areas of
the PIA for al analyzed parameters and provide the Satistical resultsto the project team for usein:

Characterizing the nature and extent of contamination

Preparing the RI report

Performing the risk assessments

Preparing FS estimates of volumes of materia needing remediation

The specific geps of this evauation are:

Create groups of mine-affected samples and ddlineate each affected PIA sub-areafor each
medium. Sample grouping will consder the same factors noted above for the PJA.

Determine population Statistics for each affected sub-areafor each medium. The Statistics
include max, min, n, number of non-detects, etc., and Shapiro-Wilk distribution tests.

Prepare graphics (e.g., hissograms and box-and-whisker plots) to compare the indicator
parameters for the mine-affected sub-areato BG vaues.

Determine the 95% UCL of the mean for each mine-affected sub-area usng Equation 5 and
EPA-recommended methods (EPA 1997).

Provide tables containing 95% UCL values and population statistics for each parameter
measured in each medium, in each sub-area to the project team for use in preparing the
RI/FS.

4.1 Calculation of Univariate Statistics

As shown in the top-middle box on Figure 3, basic population statistics will be determined for the
mine-affected sub-areas. These resultswill provide input for the RI report and the risk assessments.
During the risk assessment process, additiona statistical analyses will be performed for that purpose
(e.g., for exposure concentrations in affected aress).

4.2  Graphical Comparisons of Populations

As shown in the second box from the top in the middle of Figure 3, graphica plots will be prepared
to illustrate the data populations for the mine-affected sub-areas. The statistica plotswill help
illustrate and support conclusions derived from the sub-area population. EPA recommends severd
graphica techniques, including using probability distributions (EPA 2000, 2001).
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4.3 Analysis of Parameter Values in Affected Sub-areas

For each mine-affected sub-area, the 95% UCL for data distributed normally will be determined
using Equation 5 (EPA 1992b). For log-normal and non-parametric distributions, jackknife or
bootstrap calculations are recommended (EPA 1997).

UCL=m+t,, ., (S /n) Equation 5: UCL
n = number of affected sub-area samples

S = standard deviation of parameter

m = mean vaue of datafor parameter

t = t-distribution

a = ggnificance levd of 0.05
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